Abstract-Traditionally, economic dispatch and demand response (DR) are considered separately, or implemented sequentially, which may degrade the energy efficiency of the power grids. One important goal of optimal energy management (OEM) is to maximize the social welfare through the coordination of the suppliers' generations and customers' demands. Thus, it is desirable to consider the interactive operation of economic dispatch and DR, and solve them in an integrated way. This paper proposes a fully distributed online OEM solution for smart grids. The proposed solution considers the economic dispatch of conventional generators, DR of users, and operating conditions of renewable generators all together. The proposed distributed solution is developed based on a market-based self-interests motivation model since this model can realize the global social welfare maximization among system participants. The proposed solution can be implemented with multiagent system with each system participant assigned with an energy management agent. Based on the designed distributed algorithms for price updating and supply-demand mismatch discovery, the OEM among agents can be achieved in a distributed way. Simulation results demonstrate the effectiveness of the proposed solution.
I. INTRODUCTION
T HE BENEFITS of smart grids include their improved reliability, increased usage of renewable energy, and timely response to growing consumer demand. The increasing number of renewable generators (RGs) (wind, solar, etc.) and distributed conventional generators (CGs) integrated in power grids propose new challenges to smart grids [1] . One challenge is with economic operation of smart grids. Since there exist multiple conventional and RGs as well as dispatchable and nondispatchable loads in power girds, economic operation of smart grids involves optimal management on both supply and Y. Xu is with Sun Yat-sen University-Carnegie Mellon University Joint Institute of Engineering, Sun Yat-Sen University, Guangzhou 510275, China (e-mail: xuyliang@mail.sysu.edu.cn).
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On the generation side, the economic dispatch aims at allocating the power generation among generators in an economic way, while continuously respecting the physical constraints of the power system [2] . For traditional economic dispatch, the load demands are usually assumed to be constant. On the demand side, DR is becoming an integral part of power system and market operations [3] . It allows customers to make informed decisions regarding their energy consumption, and helps to reduce the overall peak load demand, reshape the demand profile, and increase the grid sustianability. Currently, DR applications are usually designed to follow predefined load curves or price patterns [4] , or shed certain amount of loads according to schedules [5] .
On one hand, conventional generators need to adjust their outputs under operating condition changes such as variation of renewable generation. The allocations among them should be redispatched in an economic way. On the other hand, consumers would respond to the market price by adjusting their demands based on their own profit functions to maximize the profits [6] . Since both economic dispatch and DR are participating in the energy market, the execution of one of them will impact the other. The operation of DR will reshape the load profiles; therefore, the generations will deviate from the original optimal point obtained through the economic dispatch, which requires another round of economic dispatch be initiated. The operation of economic dispatch will result in the change of the market price, which will activate DR in turn. Overall, the economic dispatch and DR are coupled, and both should be taken into consideration during online energy management. Yet, if economic dispatch and DR are implemented sequentially in a separate way, it will take relatively long time for interactive process to converge. Hence, it is desirable to consider the interactive operations of economic dispatch and DR together, and solve them in an integrated way.
Traditional algorithms for solving economic dispatch or DR problem can be classified into two categories. The first category is analytical method, such as Lagrange multipliers [7] , gradient search methods [8] , and linear programming [9] . The second category is heuristic method such as genetic algorithm [10] , evolutionary programming [11] , and particle swarm optimization [12] . Most of such methods are centralized and deployed at a large timescale. It is known that centralized solutions are usually inflexible and susceptible to single-point failures [13] . They require complicated communication networks to collect global information and a powerful central controller to process the huge amounts of data. Thus, these methods may be unable to respond in a timely manner under severe changes of operating conditions, such as those due to the intermittency and uncertainty of the renewable energy resources. Thus, the response speed of such solutions needs to be improved.
To address the problems associated with centralized solutions, various distributed solutions have been proposed. In [14] , the authors propose a DR approach based on utility maximization. Although the bidding process in the paper is designed in a distributed way, the demand side still needs a central controller to collect demand information from all customers to determine the market price. The incremental cost consensus algorithm proposed in [15] aims at solving the economic dispatch problem in a distributed way. Yet, the proposed method only considers economic dispatch but not DR. In [16] , the authors proposed a population dynamics approach for the dispatch of distributed generators in a smart grid. However, an auctioneer agent acting like a centralized coordinator is still required. In all of these papers, the influence of the intermittent renewable generation was not considered. With more and more RGs integrated into the power system and increasing demand of users participation in the energy market, advanced distributed algorithms for integrated optimal energy management (OEM) by considering both generators and energy users are needed.
Aiming at maximizing the total social welfare of the whole power system, this paper proposes a distributed solution for online OEM. The proposed solution is based on the self-interest motivation market model and can be implemented with a multiagent system (MAS). As one of the most popular distributed control approaches, MAS has been applied to various problems, such as power management [17] , active power and reactive power control [18] , [19] . Compared with centralized solutions, a well-designed MAS-based solution will be more flexible, reliable, and less expensive to implement, and has better chance of surviving single-point failures.
According to the proposed fully distributed MAS-based solution for OEM, each unit in the power grid is represented by an energy management agent (EMA). An EMA is designed to exchange information with its neighboring EMAs and participates in the price negotiation to achieve the market equilibrium. The obtained market equilibrium is proved to be the optimal solution for the OEM problem. The major contributions of this paper are summarized as follows.
1) The interactive operation of economic dispatch and DR is formulated as an OEM problem. For the formulated problem, both social welfare maximization model and market-based self-interest motivation model are introduced, and relationship between these two models is also analyzed. 2) A fully distributed approach is developed to solve the OEM problem based on distributed price updating and supply-demand mismatch discovery algorithms according to the market-based self-interest motivation model. 3) The proposed OEM solution is implemented using MAS, which utilizes only local communications between neighboring agents. Thus, it can avoid the problems of centralized solutions. This paper is organized as follows. Section II introduces two optimization models for OEM and also discusses the relationships between them. Section III provides the details of the design and implementation of the designed distributed algorithm. Section IV presents simulation results with a sixbus power system and the IEEE 30-bus system, and Section V concludes the paper.
II. FORMULATION OF OEM PROBLEM
Due to the intermittent nature of renewable generation, it cannot be considered as dispatchable. It is assumed that renewable generation is insufficient to serve all loads and the renewable generation is always consumed whenever available. The unserved loads are accommodated by other CGs. For a power grid with n G CGs, n R RGs, and n L loads, the active power balance within the system can be represented as
where P G,i and P D,j are the generation supply and load demand for the ith and jth units, respectively. P R,k is the renewable generation of kth unit. P Loss is the network active power loss. Usually, social welfare maximization does not mean self-interest maximization. However, for the OEM problem considered in this paper, it turns out that social welfare maximization concurs with the self-interest maximization.
A. Social Welfare Maximization Model
To maximize the social welfare, the OEM aims at minimizing total production cost of all generators while maximizing the total utility of all users [20] 
where C s,i is the production cost for supplier (generator) i and C u,j is the utility of user j. Currently, renewable generation is consumed whenever available due to the policy and environmental concerns in most of countries. Thus, the cost for renewable generation is assumed to be zero here. The production cost for generator i can be modeled as
where a i , b i , and c i are the generation cost coefficients of generator i; P min G,i and P max G,i are the generation lower and upper bounds, respectively.
In this paper, the utility of a user is defined as aggregated utilities for loads with different tasks, rather than utility of an individual appliance. Since more tasks can be completed if more power is consumed, it is reasonable to assume that the utility function is nondecreasing. The user utility cost is usually represented as a quadratic function and the utility function user j can be represented as [21] 
where α j and ω j are coefficients of the utility function. α j is usually negative, while ω j is usually positive. The loads can be classified into two categories, i.e., controllable and mustrun loads [22] . Controllable loads can be stopped, adjusted, or shifted, such as air conditioners and PHEVs. Must-run loads will not respond to price variations, such as refrigerator. Therefore, a user usually has a minimum load demand to keep the must-run loads in operation. On the other hand, a user's demand is bounded by its rating capacity
Thus, the overall OEM problem for social welfare maximization can be modeled as
subject to (1), (4), and (6).
The Lagrangian function to solve (7) is defined as
where λ is the Lagrangian multiplier for constraint (1),
are the nonnegative Lagrangian multipliers for constraints (4) and (6), respectively. The optimal solution for (7) is determined by the following conditions:
In (9), γ i and γ j are the power loss coefficients for generator i and user j, respectively, which are defined as follows [23] :
Ms i (P G,i ) and Mu j (P D,j ) are the so-called marginal cost and utility for the supplier i and user j, which are defined as (11) and (12), respectively,
Many centralized methods, such as the projected gradient method [24] or the Newton's method [25] , can be applied to solve (9) . According to the projected gradient method, the iterative way to solve (9) can be given as follows:
Here, ΔP [t] is supply-demand mismatch at tth iteration, which is actually the gradient of Lagrangian function with respect to λ, and ε is the step size. According to (8) 
can be calculated as
Since both delivery of generation and consummation of load result in active power loss, the power loss can be written as
Here, γ k is power loss coefficient of the RG, which is defined in a similar way as (10) . Accordingly, the supply-demand mismatch can be rewritten as
The unique optimal solution of (7) corresponds to a unique Lagrange multiplier λ , which is usually referred to as system λ [26] . The unique λ * is achieved when ΔP [t] approaches zero, i.e., the supply and demand are balanced.
B. Market-Based Self-Interest Motivation Model
The self-interest motivated OEM problem is modeled in a market environment. Here, the CGs are the suppliers and the loads are users. The suppliers and users negotiate prices with each other to achieve market equilibrium. As the production cost of RG is zero, it is assumed to be selfless. However, as introduced below, the RGs still affect final market clearing price.
For a given selling price r i , the estimated profit function of a supplier i is calculated as
where C s,i (P G,i ) is the generation cost function given in (3), and γ i is the power loss coefficient defined as (10) .
Similarly, the estimated utility function of the user j can be calculated as
where r j is the bidding price of user j, and C u,j (P D,j ) is the utility function of user j given in (5). γ j is the power loss coefficient of user j defined in (10) .
It is assumed that all suppliers are self-interested. For a given selling price r i , the optimal strategy for the supplier i is adjusting its generation until the marginal cost equals the selling price. The maximum of the profit function is found by differentiation according to
Here, Ms i (P G,i ) is the marginal cost of supplier i, defined in (11) .
Similarly, to maximize the profit, an individual user will continue to purchase until the marginal utility is equal to its bidding price as follows:
In (22), Mu j (P D,j ) is the margin utility of user j defined in (12) .
By taking constraints (4) and (6) into consideration, the generations of suppliers and demands of users are determined as
where
In the deregulated market, the suppliers and users will adjust their selling prices or bidding prices according to the supplydemand mismatch as follows: (25) where ΔP [t] is the supply-demand mismatch, which can be calculated according to (16) . ε i is incentive factor for supplier i to increase its generation to balance the market and ε j denotes the willingness of the user j to increase its biding price to meet its demand.
Assuming that the market is relatively competitive and stable, the selling and biding price will settle down at a point where the market is cleared. The equilibrium price can be written as
The r is the so-called market clearing price that clears the market when supply-demand balance equation given in (1) is satisfied.
C. Relationship Between Two Models
By dropping subscripts i, j in (25), the updating rules for price update can be written as a generalized formula as
Notice that if r is denoted by λ, (27) is exactly the same as (15) . This implies that the updating rule of market prices is the same as that of system λ, and it can be proved that both of them will converge when the supply-demand balance is achieved.
For the social welfare maximization model, one of the conditions for convergence is that λ[t + 1] = λ[t] = λ ; consequently based on (13) and (14), the generation of the supplier and demand of the user under this system λ can be calculated as follows.
Sinceμ
. If the generator hits its upper bound, then
. If the generator hits it lower bound, then
and Ms
. Thus, the generation of the generator can be calculated as
Based on the similar derivation, one can calculate the demand of the user as
When the algorithm converges, the generation-load mismatch ΔP = 0, and which yields
Substitute (28) and (29) into (30), one can obtain
where B G is the set of generators that reach their bounds, B D is the set of the users that reach their demand limits,
. Thus, the converged system λ is
For the self-interest motivation model, when the market is cleared, the equilibrium price is r i = r j = r . The generation of the suppliers and demand of users under this equilibrium price is calculated according to (23) and (24), respectively. Notice that, if r in (23) and (24) is denoted by λ , (23) and (24) are exactly the same as (28) and (29) . The market clearing price is the price that balances the supply and demand; thus, (30) should be satisfied if one replace λ with r . Therefore, one can have
Equation (33) shows that the market clearing price for selfinterest model r is actually the converged Lagrangian multiplier for the social welfare maximization model λ . Therefore, the solutions of these two models are the same. This is the frequently mentioned phenomena in the literatures that the social welfare is maximized at the equilibrium of the market [20] .
It can be seen that, by solving the self-interest motivation model, the original social welfare maximization problem is actually decomposed into multiple local optimization problems. Thus, in this way, the OEM problem can be solved in a distributed way. Details of the distributed solution for OEM are introduced in the following section.
III. FULLY DISTRIBUTED MAS-BASED OEM SOLUTION
To solve the self-interest motivation model-based OEM problem, there are several problems that need to be overcome. First, to update the prices (selling or bidding), both suppliers and users need to discover the supply-demand mismatch (ΔP ). In the centralized market schemes, the computation of ΔP is carried out by the system operator. In addition, the incentive factor ε is also given by the system operator. In distributed schemes, the information should be obtained in a distributed manner. Furthermore, to balance the market, prices (selling and bidding) for all system participants defined in (25) should also be updated in a distributed way. This section proposes the distributed algorithms to solve OEM problem.
A. Distributed Price Updating Algorithm
According to the analysis in the previous section, the process of determining the optimal generation/demand settings can be treated as a market clearing process. According to the proposed distributed OEM solution, each supplier/user is assigned with an EMA that participates in the price negotiation. During the negotiation process, each participant exchanges information with its neighboring EMAs to update its price and generation/load.
Instead of using (27) , the ith EMA updates its current price (selling/bidding) as follows: Notice that, in this section, i or j is used to denote the index of an EMA, which can represent either a supplier or a user. As shown in (34), the updating rule for the price includes two terms. The first term is used to estimate the market clearing price. In a market with multiple sellers and buyers, the market clearing price tends to be the average prices of all sellers and buyers. The second term is used to guarantee supply-demand balance.
The weights d ij 's are designed according to the communication links among EMAs. Since the mean metropolis algorithm proposed in [27] is fully distributed, adaptive to changes of communication network topology, it is utilized to determine the d ij 's as follows:
where n i and n j are the numbers of EMAs connected to EMA i and EMA j, respectively, and N i is the indices of EMAs that communicate with EMA i. As for the designed algorithm, an agent is designed to communicate with its neighboring agents only. The zero value of the weight d ij between agent i and agent j means that agents i and j cannot exchange information with each other since they are not neighbors. For convenience, the overall updating process of the price updating in (34) can be represented using a matrix form 
When the market is cleared, r i = r star j = r and ΔP [t] = 0. Therefore, from (34), one can have
From (37), one can obtain
and which yields
Equations (38) and (39) indicate that 1 is both the left and right eigenvalue of the matrix D. Notice that the way to set the matrix based on (35) satisfies both (38) and (39). In addition, to simplify the design of the matrix D, it is also designed to be symmetrical, which yields
According to (40), D is a symmetric matrix with the sum of each row/column that equals 1, i.e.,
Since ε i = 0, thus
It can be seen from (42) that after the algorithm converges, the obtained market price always satisfies the supply-demand balance.
Substituting (42) into (36) with
where R = [r 1 , r 2 , . . . , r n ] T . According to [27] , the solution to (43) has the following form:
Therefore, all the suppliers and users will reach a common price, which is the common market clearing price
Thus, the overall market equilibrium is achieved when both (42) and (45) are satisfied.
From the above analysis, one can see that the proposed market price update mechanism given in (34) is different from the conventional scheme provided in (25) . However, both of them can drive the suppliers and users to reach the unique market equilibrium.
B. Distributed Supply-Demand Mismatch Discovery Algorithm
According to (34), obtaining a fully distributed price update algorithm requires the global supply-demand mismatch(ΔP ) to be discovered in a distributed way.
As shown in (16) , the calculation of ΔP [t] involves the participation of suppliers and users. The update rule for discovering ΔP [t] in distributed way can be represented as
Equation (46) is the update rule of the average-consensus algorithm, which has been discussed in many literatures [28] . According to [28] , all P k i 's in (46) will converge to the same value, as shown in (47)
For EMA i, P
Notice that, if an EMA corresponds to a CG, P R,i [t] and P D,i [t] in (48) are just set to zero, and similar rules are also applied to the load and RG EMAs.
According to (46) and (47), after the algorithm converges, one has
In this way, the global supply-demand mismatch can also be obtained and all the difficulties with distributed OEM have been overcome. It should be noted that the termination condition of the consensus process depends on the matrix D. According to [29] and [27] , the number of iterations needed to reach a consensus K is estimated as
where λ 2 is the second largest eigenvalue of D and E is the error tolerance. Fig. 1 shows the implementation of the proposed OEM solution. As shown in the figure, each bus is assigned with an EMA for OEM. The communication network topology for EMAs is designed to be the same as the power network, and the agents can communicate with each other when they are electrically connected as neighbors. This type of design can utilize the power line communication techniques [30] . Based on other considerations, such as cost and convenience, the topology of the communication network can be designed differently. Each EMA has two functions for supply-demand mismatch discovery and price update, respectively. The operation of an EMA during the price negotiation is illustrated in Fig. 2 .
C. Implementation of MAS-Based OEM Solution
The overall process for distributed OEM has three steps: (23) and (24), respectively. The above three steps repeat sequentially until the market equilibrium is achieved. It should be noted that the EMA of an RG does not need to adjust the generation since the generator is always outputting its maximum available power. Because the renewable generation affects the generation-load balance, it will indirectly affect the final market price. An increase in renewable generation will result in a decrease in market price, which leads to a decrease in conventional generations and increase in loads, and vice versa.
IV. SIMULATION STUDIES
In this section, the proposed solution is tested first with a small-scale six-bus system and then the IEEE 30-bus system is provided to evaluate its performance.
A. Tests With a Six-Bus System
The six-bus system is shown in Fig. 3 . There are three loads (L1, L2, and L3), two CGs (CG4 and CG5), and one RG. Both CG4 and CG5 are equipped with automatic voltage regulation system to provide necessary voltage/reactive power support for the system. CG4 is working at frequency regulation mode, it will compensate the supply-demand mismatch during price negotiation or other disturbances. The parameters of conventional generators and loads are listed in Table I . The line parameters are provided in Table II. During simulation, two scenarios are tested, i.e., constant renewable generation and variable renewable generation. The Fig. 4 . Supply-demand mismatch discovery for six-bus system. first scenario is unrealistic but useful to illustrate the proposed solution due to simplicity. From the second scenario, one can fully understand how the proposed solution responds to the operating condition changes.
As discussed before, the average-consensus algorithm is used for the discovery of ΔP [t] . It should be noted that the topology of the communication network is designed to be same as that of six-bus system shown in Fig. 3 . The weights d ij s are calculated based on (35), and are provided in Table III . For this six-bus system, an example of the supply-demand mismatch discovery process is shown in Fig. 4 . The generations of CG4, CG5, and RG are initialized with 200, 220, and 150 MW, and the demands of load are initialized with 160, 180, and 230 MW, respectively. If all γ i 's in (48) are set to zero, the initial values of agents CG4, CG5, RG, L1, L2, and L3 are set to 1200, 1320, 900, −960, 1080, and −1380 for ΔP discovery. After the algorithm converges, the discovered supply-demand mismatch is (1200 + 1320 + 900 − 960 − 1080 − 1380)/6 = 0. As shown in the figure, the algorithm can converge within 40 iterations. For our MAS developed based on Java Agent Development (JADE) framework, each iteration takes about 6 ms [19] , and the ΔP discovery process takes about 250 ms.
The time frame to implement the proposed OEM solution is shown in Fig. 5 . The price update interval can be set to 1-10 s, which is decided by the parameters of power grids, such as inertias of generators and the respond time of users.
1) Test Under Constant Renewable Generation:
In this case, the initial load demands of L1, L2, and L3 are assumed to be 160, 180, and 230 MW, respectively. The initial generations of CG4 and CG5 are set to 220 and 206 MW, respectively. The generation RG is 150 MW and is assumed to be constant. It should be noted that the initial generation and demand are balanced with power loss being considered. Notice that the power loss (6 MW) only accounts for a small percentage of total load (about 1.05%) as all the transmission lines are short. The power loss coefficients defined as 10 for L1, L2, L3, CG4, CG5, and RG are 0.017, 0.022, 0.013, −0.025, 0.016, and 0.010, respectively.
The proposed solution is deployed at t = 10 s. The price update interval is set to 3 s. Fig. 6 shows updates of prices through distributed negotiation. It shows that before the deployment of the OEM solution, the generators (CG4 and CG5) maintain a relatively higher margin costs, while the loads (L1, L2, and L3) hold lower margin utilities. After the proposed solution is deployed, the suppliers and users adjust their prices (selling or bidding) toward the new market equilibrium. As shown in Fig. 6 , it only takes about 60 s (20 iterations) to reach the equilibrium. Fig. 7 shows the generation/demand in response to price adjustments.
During the negotiation process, the output of RG at bus #6 does not respond to the market price, as it always outputs at the maximum power, i.e., 150 MW. Fig. 8(a) shows the reference and actual demand of #L1 measured at bus #1 during dynamic optimization, while Fig. 8(b) shows the reference and actual output of CG #5. Notice that both load and generator can track their references that are generated corresponding to EMAs within each price update interval (3 s). Here, a set of parallel connected loads is used to simulate the users' tunable loads. It should be pointed out that the price update interval may be set to a smaller value as the ΔP discovery can be finished within 0.25 s. However, excessively frequent updates might make the load or generator unable to follow, even cause instability of the system. Thus, the interval of price update needs to be coordinated with the response speed of the system. Fig. 9 (a) and (b) shows the trajectory of profits of a consumer (L1) and a supplier (CG #5) during OEM, respectively. It can be seen that both the profits of supplier and user are improved during OEM. Interestingly, the global social welfare is maximized when all suppliers and users reach their maximum profits, as shown in Fig. 10 . This verifies previous analysis that the social welfare is maximized at the equilibrium of the market. Fig. 11(a) and (b) shows the frequency and voltage responses of the system during OEM. Slight frequency and voltage oscillations can be observed due to the generation/demand adjustments. After the algorithm converges, the supply-demand mismatch ΔP becomes zero and the system frequency stabilizes at 60 Hz. As shown in Fig. 11(b) , the variation of bus voltages is very small as active power reallocation does not affect voltage too much. From Figs. 8-11 , one can see that the power grid under the proposed OEM solution can achieve stable and optimal operation.
2) Test Under Variable Renewable Generation:
In this case, variable renewable generation is simulated to further test the performance of proposed OEM solution. Initially, the system is operating at the optimal operating point achieved by the previous test, wherein the market clearing price is 7.3416 $/MW/h. At t = 10 s, the renewable generation of RG is set to increase by 50−200 MW. Fig. 12 shows the updates of prices under change of renewable generation. Fig. 13 shows the corresponding generation and load settings during OEM. Since the cost of renewable generation is 0, an increase in the renewable generation results in a decrease in market prices and then a decrease in conventional generation. Meanwhile, load demand (L1-L3) increases due to the decreased price. From Fig. 14 , one can see that social welfare increases as the increase in renewable generation results in a decrease in average generation cost. 
B. Test With IEEE 30-Bus System
To further evaluate the performance of proposed solution, test with the IEEE 30-bus system is conducted. The network parameters and configuration of the system can be founded in [31] . The system has 30 buses and 6 generators. Six loads are selected to participate in the DR. The parameters for generator production cost and user utility functions are shown in Table IV [19] .
The proposed solution is deployed at t = 10 s. The price update interval is set to 3 s. Fig. 15 shows an example of the supply-demand mismatch discovery process. For this 30-agent system, the algorithm for discovering the supply-demand mismatch can converge within 50 iterations only. One can see that the converging speed for the algorithm does not increase exponentially with increase in the number of agents. Fig. 16 shows the update of prices during the optimization and Fig. 17 shows the profiles of corresponding social welfare during this process. For IEEE 30-bus system, the new market equilibrium is achieved at t = 80 s (about 23 iterations), where the overall social welfare is maximized. For both two test cases, the optimal solution for system participants is achieved by using the market-based self-interest motivation model. It should be noted that these obtained solutions are the same as that obtained using the centralized social welfare maximization model. Since the latter one needs a centralized algorithm such as lambda iteration method [8] to solve the problem, it is hard to be implemented in a distributed way.
V. CONCLUSION
This paper presents a fully distributed OEM solution for smart grids. The proposed solution can integrate economic dispatch of generators and DR of users. It can maximize the social welfare efficiently and is promising for online optimization. The proposed solution is implemented using MAS and is able to provide fast response with better customer participation and effective load curve shaping. The distributed solution does not require a powerful central controller to process large amount of data or a complicated communication network, and is easy to implement. Simulation studies verify the effectiveness of the proposed solution and show its promising applications in smart grids.
